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Multi-Radial Basis Function SVM Classifier: Design and Analysis

Zheng Wang *, Cheng Yang *, Sung-Kwun Oh† and Zunwei Fu**

Abstract – In this study, Multi-Radial Basis Function Support Vector Machine (Multi-RBF SVM) 
classifier is introduced based on a composite kernel function. In the proposed multi- RBF support 
vector machine classifier, the input space is divided into several local subsets considered for extremely 
nonlinear classification tasks. Each local subset is expressed as nonlinear classification subspace and 
mapped into feature space by using kernel function. The composite kernel function employs the dual 
RBF structure. By capturing the nonlinear distribution knowledge of local subsets, the training data is 
mapped into higher feature space, then Multi-SVM classifier is realized by using the composite kernel 
function through optimization procedure similar to conventional SVM classifier. The original training 
data set is partitioned by using some unsupervised learning methods such as clustering methods. In this 
study, three types of clustering method are considered such as Affinity propagation (AP), Hard C-
Mean (HCM) and Iterative Self-Organizing Data Analysis Technique Algorithm (ISODATA). 
Experimental results on benchmark machine learning datasets show that the proposed method 
improves the classification performance efficiently.

Keywords: Multi-RBF SVM, Composite kernel, Dual RBF structure, Clustering method, Particle 
Swam optimization.

1. Introduction

Support Vector Machines (SVMs) is a set of related 
supervised learning models with associated learning 
algorithms which analyze data and recognize patterns for 
classification and regression, which is mainly grounded on 
the statistical learning theory [1]. By constructing a hyper-
plane, SVMs is to maximize the margin of separation and 
also provide a good generalization performance on the 
real-world classification problems, in spite of the fact that 
it does not get any knowledge in the problem domain [3].

For SVM classification, there are some tasks with 
characteristics of high noise and a large number of input 
features, with a relatively small number of training data-
sets. In these tasks, the distribution of dataset is filled with 
a variety of nonlinear characteristics. Nonlinear kernel 
SVM classifiers are also confronted with the potential 
over-fitting issue, especially for those linearly inseparable 
datasets in the high dimensional feature space. As a result, 
this would lead to severe over-fitting in the conventional 
nonlinear SVM classifiers.

To address this problem, “divide-and-conquer” algorithm

is an important strategy and widely used as an available 
tool for solving conceptually difficult problems [4]. A 
“divide-and-conquer” algorithm works by breaking a 
difficult problem into two or more sub-problems. The 
solutions to the sub-problems are then combined to give a 
solution to the original problem [5]. A category of multiple 
linear SVM method based on subspace pattern recognition 
has been proposed to solve such over-fitting problem. In 
some previous works, [6] presented localized support vector
machine which built up multiple linear SVM classifiers 
from training data and each model was designed to classify
a particular test dataset. Z. Fu and A. Robles-Kelly 
proposed a mixture of linear SVMs by packaging linear 
SVMs into a probabilistic formulation and embedding 
them in the mixture of expert models [7]. [9] proposed a 
quasi-linear SVM by first composing a quasi-linear kernel 
function and then realizing multi-local linear classifiers 
with interpolation by implementing the SRM principle in 
the same way as a standard SVM.

In this study, a multi-RBF SVM classifier based on a 
composite multi-RBF kernel function is introduced. The 
proposed multi- RBF SVM methods is realized with the aid 
of the division of the entire input space into several 
subspaces, and each subspace is estimated by a RBF kernel 
function. Unlike as the conventional multi SVM classifier, 
the proposed multi-RBF SVM classifier incorporates a 
RBF mapping, which is nested as the combination of 
several input subspaces. The input space will be mapped 
into much higher feature spaces and become separable 
according to the “divide-and-conquer” strategy. 

Unlike the conventional Multi-SVM methods designed 
by constructing multiple local SVM classifiers separately, 
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the prior knowledge of local subsets is used to build a 
composite RBF kernel. Then the Multi-RBF SVM 
classifier is realized by using the composite kernel exactly 
in the same way as a single SVM classifier.

This paper includes the two main aspects as following.
Firstly, a novel Multi-RBF SVM classifier is introduced 

to map the nonlinear classification task into much higher 
feature space. The nested kernel structure has dual 
mapping process to a much higher-dimensional feature 
space for some specific nonlinear classification tasks. The 
multi-RBF SVM can make these tasks linearly separable 
for solving over-fitting problem. 

Secondly, a composite kernel function with nested 
RBF structure is adopted. According to the distribution 
information of the training data, several local subsets 
from training data are obtained by using some clustering 
techniques for performance enhancement. Then, the 
composite kernel function with dual RBF mapping 
performs in the same way as a standard SVM. 

The rest parts of the paper are organized as follows. 
Section 2 describes the conventional SVM Classifier. 
Section 3 formulates the Multi-RBF Classifier based on a 
Composite Kernel function. Section 4 discusses the 
preprocessing of the proposed multi-RBF SVM. Section 
5 addresses the implementation of multi-RBF kernel for 
the SVM classifier in nested structure. Section 6 
implements the experiment and results; and finally the 
conclusions are given in Section 7. 

2. Conventional SVM Classifier

SVM is a typical two class classifier, that is, it only 
answers the problem that belongs to the positive class or 
the negative class.

Suppose there is a training set 1{ , }N
i i ix y = : input n

ix RÎ ; 
class labels { 1,1}iy Î - , with a hyper-plane , 0w x b+ = . 
Where xi is the value of the ith input, yi is the 
corresponding class label of the input xi, which should be -
1 or 1. The data set can be divided into two different sets A 
and B which have labels 1 and -1 respectively.

The set of vectors is said to be optimally separated by 
the hyper plane if it is separated without error and the 
distance between the closest vectors to the hyper plane is 
maximal.

Without loss of generality it is appropriate to consider a 
canonical hyper-plane, where the parameters, (w, b), are 
constrained by,

min | ( , ) | 1i

i
w x b+ =  (1)

2.1 Linear SVM

To linear cases, a separating hyper plane must satisfy the 
following constraints,

Fig. 1 Linear SVM

[ , ] 1, 1,..., .i iy w x b i l+ ³ =    (2)

where the Eq. (2) could be demonstrated in Fig. 1
As shown in Fig. 1, SVM maps the training points into a 

high-dimensional feature space and finds a separating 
hyper-plane that maximizes the margin between two 
classes.

2.2 Non-linear SVM

Usually the classification problems are non-linear and 
non-separable in the real world, so in the primal space, the 
low dimension input data sets is transformed into a high 
dimensional feature space using a mapping function φ(∙), 
as Fig. 2 shows.

For non-separable cases in the feature space, the boundary
function has a nonnegative variable as a slack variable ix
to make the margin to accept the violations, and then get a 
separating plane function,

[ , ] 1 , 1,..., .i i
iy w x b i lx+ ³ - =        (3)

The optimal hyper plane problem becomes to find the 
solution of the following optimization problem,
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where parameter c is used to control the degree of 
regularization, which is the only changeable parameter in 
SVM.

Introducing the vector of Lagrange multipliers

1( ,..., )Na a a= , the Eq (4) above can be considered as a QP 
problem in dual space,
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Fig. 2. Nonlinear SVM (via. mapping two dimensional into 
three dimensional)

where ( , ) ( ) ( )T
i j i iK x x x xf f= is the kernel function.

In the end, the decision making function can be gained.

1

[ ( , ) ]
N

i i i
i

y sign y K x x ba
=

= +å (6)

Fig. 2 shows that the kernel method helps SVMs to deal 
with the linearly non-separable problems by mapping data 
into higher dimension feature space.

3. The Design and Analysis of Multi-RBF SVM 

Classifier based on Composite Kernel

In this section, the expression of Multi-RBF kernel 
function is formulated. 

If there are many discrete nonlinear characters in the 
dataset, or it is especially complex, conventional SVM can 
not obtain the described classification performance. As 
shown in Fig. 3, the yellow dotted line is considered as 
classification boundary in two dimensions (the classification
hyper-plane in three dimensions). The dataset is not 
classified accurately according to the performance of both 
classification boundaries.

A proper solution is to divide the original training 
dataset into several subsets, and each subset is estimated by 
a nonlinear mapping. The combined classification result is 
more accurate for this kind of dataset.

Then, the formulation is given as follows.
A nonlinear classification task can be treated as an 

aggregation of M nonlinear functions of curve fitting
2

, 1,...,
x

a
j jA x e B j Ms + = , as shown in Fig. 3.

Based on the piecewise linear approximation method, the 
piecewise linear model ( )Pf x can be written compactly 
as Eq. (7).

2

1

( ) ( ) ( )
xM

a
P j j j

j

f x A x e B R x bs

=

= + +å (7)

where ( )jR x ’s are the basis function, 
2x

a
jA x e s is the 

curve fitting method of the nonlinear function.
The basis function is an element of a particular basis for 

a function space. Typical examples are wavelet basis and 
RBF basis. The final results of the nonlinear model has 
been obtained via an interpolation using the basis function 
R(x). It also implies that the severe nonlinear model 

( )Pf x  can approximate an arbitrary nonlinear separating 
hyper-plane on a compact interval by merely increasing the 
value of M.

Assume parameter vectors ( )xF  and Q  as follows:

2 2

1 1

1 1

( ) [ ( ), ( ),..., ( ), ( )]

[ , ,..., , ]

x x
a a T

M M

T
M M

x R x x e R x R x x e R x

B A B A

s sF =

Q =
(8)

Furthermore, the above parameter vectors ( )xF  and 
Q is combined into the Eq. (7), the piecewise linear 
model can be transformed:

( ) ( )T
Pf x x b= Q F + (9)

The Structural Risk Minimization principle is introduced
in the Eq. (9), the classification problem can be described 
as the QP optimization problem as following:

, ,
1

1
min

2
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The Lagrange function has been constructed, via 
introducing new variables ( ka , kv ) called Lagrange 

(a)                         (b)

Fig. 4. Multi-RBF classification; (a) Artificial dataset filled 
with nonlinear characteristic: (b) Classification 
boundary constructed by multi-RBF SVM with 
multiple classification boundary constructed by 
composite kernel function

(a)                            (b)

Fig. 3. Conventional SVM classification: (a) Artificial 
dataset filled with nonlinear characteristic; (b) 
Classification boundary constructed by conventional
SVM with nonlinear kernel function
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multipliers:

1 1

( , , ; , )

( , ) ( [ ( ) ] 1 )
N N

T
P k k k k k k

k k

L b v

J y x b v
= =

Q
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x a

x x x
(11)

with Lagrange multipliers: 0ka ³ , 0kv ³ , 1,...,k N= .
The solution is given by the saddle point of the Lagrange

function:

, ,,
max min ( , , ; , )

bv
L b v

Q xa
Q x a (12)

The dual problem becomes as follows:
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In the quadratic form, the kernel trick is applied

2 2
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Where a is constant according the nonlinear distribution 
property of training data. Hence, the non-linear model 

( )Pf x is reduced to a standard SVM based on a composite 
kernel (Eq. 14) and each ( , )k lK x x  can express a input 
subspace of training data. The nonlinear SVM classifier 
takes the following form:

1

[ ( , ) ]
N

k k k

k

y sign y K x x b
=

= a +å (15)

with ka  positive real constants which are the solution to 
a QP problem.

In order to represent an inner product, the kernel is 
required to satisfy Mercer's condition [1]. In Eq. 14, factors 

( ) ( )j k jR x R x  are outputs of basic functions. It follows 
that the kernel ( , )c iK x x  satisfies Mercer’s condition 
because it consists of a sum of products of Mercer kernels, 
cf. [1].

Standard SVM classifier with nonlinear mapping is often 
written as an implicit expression, especially for the Gaussian
kernel, while the multi-RBF SVM is often described the 
nonlinear mapping with explicit formulation.

4. Preprocessing of Multi-RBF SVM Classifier

In multiple classifier systems, the original training data 

set is partitioned by using some unsupervised learning 
methods such as clustering methods and so on. In this study, 
three clustering methods are considered as preprocess of 
the proposed multi-RBF SVM classifier. Here a brief 
summary of these three methods is given.

4.1 Hard C-mean clustering method

Hard C-Mean Clustering Method (HCM) clustering 
method is a recently introduced clustering method which 
takes as input a set of measures of similarity between 
pairs of data points and outputs a set of clusters of the 
points with their balanced exemplars. In order to study 
the distribution of the data points in a high-dimensional 
feature space, Hard C-Means(HCM) is introduced into 
the proposed Multi-RBF SVM. The detailed computational 
steps are as follows.

Fix the number of clusters c(2≤c≤n) and initialize the 
partition matrix ( )0  CU MÎ

Calculate the center vectors iv of each cluster:

1 2 { ,i i iv v=v ,…, ijv ,…, imv }

ijv = 1

1

*
n

ik kjk
n

ikk

u x

u

=

=

å
å

(16)

where, [ ] , 1, 2 . ; 1, 2 .iku U i c k= = ¼ = ¼ m
Update the partition matrix U ; these modifications are 

based on the standard Euclidean distance function between 
the data points and the prototypes,

( ) ( )

1

2
2

1

– – –  
m

k i k i kj ij

j

d x v x v x v
=

é ù
ê ú= =
ê ú
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å (17)

( )1r
iku
+ =

( ) ( ){ }1 min

0

r r
ik jkif d d for all j c

otherwise

ìï = Î
í
ïî

(18)

Check the termination criterion. If

|| ( ) ( )1r rU U+ - ||<=δ (tolerance level)  (19)

the process is end. When otherwise set r=r+1 and return 
to calculate the new center vector. In step 4 the notation || || 
is any matrix norm such as the Euclidean norm.

4.2 Affinity propagation clustering 

Affinity Propagation (AP) [7] is a recently introduced 
clustering method which takes as input a set of measures of 
similarity between pairs of data points and outputs a set of 
clusters of the points with their corresponding exemplars. 
The algorithm takes a matrix of similarity measures 
between each pair of points s (i , k ) as input. Instead of 
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requiring that the number of clusters be predetermined, the 
AP takes as input a real number s(k, k) for each data point k. 
These values, which are called preferences, are a measure 
of how likely each point is to be chosen as exemplar.

The algorithm works by exchanging messages between 
the points until a stop condition is satisfied. There are two 
types of messages to be exchanged between data points. 
The responsibility r(i,k), sent from data point i to candidate 
exemplar point k, reflects the accumulated evidence for 
how well-suited point k is to serve as the exemplar for 
point i, taking into account other potential exemplars for 
point i. The availability a(i, k), sent from candidate 
exemplar point k to point i, reflects the accumulated 
evidence for how appropriate it would be for point i to 
choose point k as its exemplar, taking into account the 
support from other points that point k should be an 
exemplar.

The availabilities are initialized to zero: a(i, k) = 0. Then, 
the parameters are computed and updated using the rules as 
follows:

' . : '
( , ) ( , ) max { ( , ') ( , ')}

k s t k k
r i k s i k a i k s i k

¹
¬ - +

' . : ' { , }

( , ) min{0, ( , ) max{0, ( ', )}}
i s t i i k

a i k r k k r i k
¹

¬ + å

' . : ' { , }

( , ) max{0, ( ', )}
i s t i i k

a k k r i k
¹

¬ å (20)

The AP method has been praised because of its ability to 
efficiently and quickly handle clustering problems.

4.3 ISODATA clustering method

In the HCM clustering method, the number of clusters c
remains the same throughout the iteration, although it may 
turn out later that more or fewer clusters would fit the data 
better. This drawback can be overcome in the ISODATA 
Algorithm (Iterative Self-Organizing Data Analysis 

Technique Algorithm) [12], which allows the number of 
clusters to be adjusted automatically during the iteration by 
merging similar clusters and splitting clusters with large 
standard deviations. The algorithm is highly heuristic and 
based on the following pre-specified parameters

The detailed computational steps are as follows.
Choose randomly K = K0 initial mean vector

{ }1 2, , km m mL from the data set.
Assign each data point X to the cluster with closest mean

 x iÎw if ( ) ( ) ( ) ( ){ }1 2, min , , , , , .i Kd x m d x m d x m d x m= L

Discard clusters containing too few members, i.e., if

j minn n< , the discard jw and reassign its members to 
other clusters K K 1¬ - .

For each cluster ( )1,2, ,j j Kw = ¼ date the mean vector 

1

j

j
j x

m x
n

Îw

= å  and the covariance matrix:

( )1
( )

j

T
j j

jj x

x m x m
n

Îw

= - -å å (21)

The diagonal elements are the variances 2 2 2
1 2, , Ns s sL

along the N dimensions.
If 0K / 2K£ (too few clusters), go to splitting.
Else if 0K 2K> (too many clusters), go to merging.
Else terminate if maximum number of iterations is 

reached.

5. Structural Design of Multi-RBF SVM Classifier 

Based on PSO

5.1 Structure of multi-RBF SVM classifier

Multi-RBF SVM is kind of multiple SVM which employ 
composite kernel function to estimate the dual mapping 
operation of between input and output. Firstly, the clustering
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Fig. 5. Overall architecture of multi-RBF SVM classifier
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method is implemented to partition the original dataset into 
several subsets. 

According the description of proposed Multi-RBF SVM 
in previous, basis functions is used to interpolate the non-
linear hyper-planes, and each basis function corresponds to 
a local linear hyper-plane. Therefore, the basis functions 
should remark the distribution information of dataset as 
accurate as possible. A RBF Gaussian function is chosen as 
basic function to capture distribution of partitioned subsets. 

2

( )

( )( )

x

uR x e

-m
-
ls= (23)

Where m is the cluster center, s is the radius for 
clusters. l is the scale parameter.

There is also an important parameter in the multi-RBF 
SVM is the number of RBF Gaussian functions M . the 
number is obvious equal to the number of partitioning 
clusters. Theoretically, the composite kernel function is 
slide from linear kernel to nonlinear kernel. When M =1, 
composite kernel is acted as linear one. When M = ¥ , 
composite kernel can be smoothly fit for nonlinear 
separating hyper-plane. If a proper number M  is chosen 
along the nonlinear distribution of separating boundary, 
classification accuracy of the multi-RBF SVM classifier 
would be better.

5.2 Optimization procedure of multi-RBF SVM 
classifier

The design procedure of multi-RBF SVMs comprises 
the following steps.

[Step 1] Preprocessing data set using regularization
For most datasets, that have many dimensions in various 

ranges. To obtain data in similar scale, each data point 
would compare with the largest number in its dimension, 
and get the mapped value from -1 to 1.

[Step 2] Form training and testing data set
To make full use of data set and result the classification 

accuracy be no-biased, the dataset is divided into five parts. 
Each part is utilized for testing data, and the whole dataset 
will evaluate the quality of network. In this way, the data 
set can be take full advantage that there is not enough data. 
Furthermore, two performance indexes is introduced viz. 
the standard Root Mean Square Error(RMSE), and the 
Mean Squared Error (MSE)

[Step 3] Construct for multi-RBF SVM by modified 
parameters. 
1. Choose the data point along the separating boundary in 

the interaction area between two classes
2. Select clusters 1 2, ,..., Mw w w from training set in the 

training set in high-dimensional input space by clustering
algorithm. 

3. The several clusters are obtained to capture nonlinear 
distribution information of training dataset. A composite 
kernel is constructed to realize nested RBF SVM 

classifier by incorporating RBF function in each cluster.
It should be noted that the difference between the new 
kernel function and the RBF is that the composite kernel 
implements the duple mapping to obtain separating 
hyperplane in much higher feature space.

4. The class label of a testing example x is predicted by 
(15) and (23). Finally, the binary classification of local 
SVMs will obtain the final decision.

[Step 4] Decide the PSO parameters used in the 
optimization.

Table 1. Parameter setting of PSO

PSO parameters Values

Number of generations 20

Swarm size 20 

Number of particles 3 

Inertia weight 0.6 

Acceleration constants C1=2.0, C2=2.0 

Objective function 
Classification rate of 

training data

Learning rate 10e-3~10 Boundary of 
search space Momentum coefficient 10e-3~10 

Here we decide upon the essential design parameters 
of PSO. Different from traditional PSO, M(the number of 
RBF Gaussian functions) , c(cost ), l (scale parameter), g 
(gamma) is chosen as optimization parameters. M is chosen
as an integer and its range from 2 to 8. Other parameters 
would take random value as initialization.

For ISODATA algorithm, there are three extra parameters
need be optimized. They are minimum number of one 
cluster, maximum variance of one cluster and minimum 
distance in one cluster. The range of these three parameters 
depends on the datasets. 

[Step 5] Check the Termination criterion
As far as the accuracy is concerned, the generation of 

process is stopped a comparison of less than objective. 
[Step 6] Output of the finally results.
An overall design flowchart for the proposed multi-RBF 

SVM is shown in Fig. 6

6. Experimental Studies 

First, graphical experimental results are presented based 
on lib-SVM on the hayes data set in ordered to understand 
the behaviors of the proposed algorithm. Second, 15 
benchmark machine learning data sets are used to 
experiments.

6.1 Graphical representation and its entity analysis

In the first experiment, proposed multi-RBF SVM and 
conventional SVM on the hayes dataset are compared.

Fig. 6 illustrates the classification results of the proposed 
classifier and conventional SVM on Benchmark dataset 
(hayes). In hayes dataset, we pick two class labels from 
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the original data and reduced into two dimensions. It can be 
easily seen that positive data and negative data are mixed 
together. It is different to distinguish one class of data 
from another by their properties. Fig. 6(b) shows the 
classification boundary produced by conventional (RBF) 
SVM. 

The classification boundary distinguishes different label 
of classes around the bound area. In Fig. 6(c), the original 
dataset is divided into several subsets, and each subset is 
classified by a RBF kernel function. The classification 
results of these subsets combined with dual RBF structure 
are mapped into much higher feature space to make data 

separable. It is can be seen that the proposed multi-RBF 
SVM is more accurate for this dataset which filled 
nonlinear characters.

6.2 Benchmark data set

In order to evaluate the performance of the method
further, we compare different algorithms on 10 well-known 
benchmark problems. The data sets are all preprocessed for 

(a) Hayes data

(b) Conventional RBF SVM classification

(c) Multi RBF SVM classification

Fig. 7. Illustration of classification process of SVM and the 
proposed Multi-RBF SVM on hayes data set: (a) 
Data set filled with nonlinear characteristic: positive
and negative data points are mixed together; (b) 
Circular classification boundary: data point around 
separating boundary can be correctly identified; (c) 
Multi Circular classification boundary: more data 
points around separating boundary can be correctly 
identified
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Fig. 6. Overall flowchart of design procedure of multi-
RBF SVM classifier

Table 2. Summary of 10 benchmark data sets

Data
No. of 
data

No. of 
Train

No. of 
Test

Label 
1

Label 
2

Label 
3

Dimension

iris 150 120 30 50 50 50 4

Heart scale 270 216 54 150 120 / 12

vehicle 846 170 676 199 217
218/
212

18

Segment 2301 1848 462 1150 1156 / 19

blood 749 599 150 178 571 / 4

mpg 392 313 79 245 68 79 7

oil 81 17 64 41 5 15/20 5

ionosphere 351 280 71 223 128 / 34

hayes 132 106 26 51 51 30 5

vowel 990 792 188 495 495 / 10



Multi-Radial Basis Function SVM Classifier: Design and Analysis

2518 │ J Electr Eng Technol.2018; 13(6): 2511-2520

binary classification simulations. These data sets include 
10 benchmark real-world data sets from the University of 
California at Irvine (UCI) Machine Learning Repository.

A summary of the data sets is presented in Table 2.
All of the results are the average of 100 runs on the data 

sets. In addition, the data sets are all preprocessed to make 
the instances to have zero mean and unit standard deviation.

To make full use of data set and result the classification 
accuracy be no-biased, in all experiments, 5folds-Cross-
Validation is used that dataset is randomly divided the into 
the training (80%) and testing (20%) part. Finally, to come 
up with a quantitative evaluation of the resulting proposed 
classifier. Two performance indexes are considered viz. the 
mean accuracy(MA) and the standard deviation (SD).
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In this experiment, the total 10 benchmark datasets are 
employed in order to evaluate the performance of the 
conventional SVM classifier and other popular classifier 
are shown in Table 3. These dataset was downloaded 
from UCI machine learning laboratory website [36]. 
RandomTree, IBK (k=3) and NaiveBayes classifiers are 
used for comparison. The number of clusters needs to be 
optimized by PSO.

As shown in Table 3, Boldface entries in cells indicates 
better classification accuracy when compare with other 
SVM classifier.

Compare with conventional SVM, the proposed Multi-
RBF SVM obtains the better performance when compared 
with some conventional SVM classifiers. The multi-RBF 
SVM with aid of HCM, AP and ISODATA clustering has 7,
6 and 5 best classification performances respectively. The 
classification performances show HCM clustering is better 
than ISODATA clustering method in benchmark dataset. 
The simple clustering method is best partition on these 
kinds of dataset. 

ISODATA which is considered as supplement of HCM 

clustering do not show better performance. The reason 
for this is that ISODATA has too many parameters to 
optimized. It is hard to obtain proper parameters for 
ISODATA. 

It is mentioned that hayes dataset has complex 
distribution and relatively small number input variables. 
AP and ISODATA can not obtain the proper partition on 
hayes.

When compare with other SVM classifier (RandomTree, 
IBK and bayes), the performance is improved on 9 results 
in 10 datasets, such as Ionosphere, vowel, Vehicle. These 
datasets have strong property of nonlinear distribution, 
whereas the classification accuracy of testing dataset is 
enhanced.

For oil dataset, the proposed Multi-RBF SVM is worse 
than other models. Oil dataset has relatively simple 
distribution with 80 inputs and 5 dimensions. The proposed 
Multi-RBF SVM can not match appropriately with too 
complex structure. Here the summary on these three 
clustering methods involved in this study is described as 
follows: K-means is a simple clustering method, which can 
obtain the better performance in small dataset (The 
number of input variables is less than 500). ISODATA and 
AP clustering can achieve better performance in dataset 
which have more than 500 input variables. Especially, AP 
clustering leads to preferred performance in vowel dataset 
because of the possibility of obtaining relatively more 
proper clusters in voice text related dataset (viz. vowel).

7. Concluding Remarks

In this study, a multi-RBF SVM classification classifier 
which is based on dual structure and unsupervised learning 
methods is introduced. To construct the classification 
classifier, firstly the original training set is divided into the 
balanced subsets by applying clustering techniques. Then, 
the local subsets have nonlinear characteristic and are used 
to estimate a composite kernel, and the composite kernel is 
utilized to realize the multiple local RBF SVM classifier by 
implementing the structural risk minimization in the same 
way as a single standard SVM. An important strength of 
the proposed classification approach is given as multi-RBF 

Table 3. Comparison of the proposed Multi-RBF SVM , conventional SVM and other classifiers(MA±SD).

data Conventional SVM(weka)[35] Alternative classifiers(weka) [35] Multi-RBF SVM (proposed)

linear polynomial RBF RandomTree IBK bayes HCM AP ISODATA

iris 96.67 ±0.41 71.00±0.43 95.33 ±0.16 94.13±0.18 94.80±0.16 95.33±0.15 97.33±0.03 96.00±0.04 96.67±0.03

heart scale 82.96 ± 0.41 64.26±0.60 55.74±0.67 70.56±0.29 78.15 ± 0.25 84.63± 0.36 84.81± 0.61 55.56±1.78 54.81±1.81

vehicle 74.29 ±0.36 31.27±0.59 58.98±0.45 70.00±0.39 69.88±0.39 44.68±0.46 79.79±0.75 79.79±0.75 79.79±0.75

segment 92.64± 0.14 76.14±0.26 87.77± 0.19 95.06±0.12 95.84 ±0.10 80.12 ±0.23 95.84± 0.15 96.84±0.12 96.84±0.13

blood 76.14 ±0.49 76.20±0.49 76.20±0.49 71.58±0.52 71.42±0.52 75.19±0.43 76.23±0.23 76.36±0.23 76.36±0.23

mpg 71.06 ± 0.44 62.50±0.50 67.73± 0.46 79.09±0.37 72.75±0.42 67.61±0.40 79.85±0.44 77.27±0.50 78.55±0.48

oil 92.57 ±0.17 67.28±0.40 80.26±0.31 95.35±0.10 98.79±0.05 98.04±0.05 96.67±0.03 96.67±0.03 96.67±0.03

ionosphere 88.05 ±0.34 66.67±0.58 86.19±0.37 86.90±0.28 87.01±0.36 82.33±0.39 93.44±0.07 93.44±0.07 93.44±0.07

hayes 52.66 ±0.55 70.05±0.44 75.03±0.40 72.61±0.42 65.79±0.47 80.93±0.35 84.62±0.30 49.29±0.81 48.46±0.91

vowel 68.54±0.24 87.07±0.15 77.07±0.20 74.49±0.22 94.75±0.09 54.90±0.23 95.25± 0.53 96.06±0.60 95.75±0.56
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kernel function for the preprocessing aggregation of local 
clusters distribution. The learning method offers the 
advantages of the “divide-and-conquer” framework, i.e., 
extremely classification models may be employed that can 
be trained in parallel on complex (and usually hard to 
discriminate) training sets. The proposed multi-classifier 
methodology developed in this work could be applied for 
more effective as well as efficient system implementation 
through the clustering and classification techniques.
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